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The link between auditory salience and emotion intensity
Andrey Anikin

Division of Cognitive Science, Lund University, Lund, Sweden

ABSTRACT
To ensure that listeners pay attention and do not habituate, emotionally intense
vocalizations may be under evolutionary pressure to exploit processing biases in
the auditory system by maximising their bottom-up salience. This “salience code”
hypothesis was tested using 128 human nonverbal vocalizations representing eight
emotions: amusement, anger, disgust, effort, fear, pain, pleasure, and sadness. As
expected, within each emotion category salience ratings derived from pairwise
comparisons strongly correlated with perceived emotion intensity. For example,
while laughs as a class were less salient than screams of fear, salience scores almost
perfectly explained the perceived intensity of both amusement and fear considered
separately. Validating self-rated salience evaluations, high- vs. low-salience sounds
caused 25% more recall errors in a short-term memory task, whereas emotion
intensity had no independent effect on recall errors. Furthermore, the acoustic
characteristics of salient vocalizations were similar to those previously described for
non-emotional sounds (greater duration and intensity, high pitch, bright timbre,
rapid modulations, and variable spectral characteristics), confirming that
vocalizations were not salient merely because of their emotional content. The
acoustic code in nonverbal communication is thus aligned with sensory biases,
offering a general explanation for some non-arbitrary properties of human and
animal high-arousal vocalizations.
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Introduction

Like other animals, humans communicate with a variety
of nonverbal signals: we smile and frown at each other,
giggle when tickled, scream when frightened, and so
on. One way to describe these behaviours is to focus
on the form of these signals. For instance, identifying
the acoustic properties of nonverbal vocalizations that
are associated with particular emotions (Anikin &
Persson, 2017; Lima et al., 2013; Schröder et al., 2001)
helps to clarify how meaning is encoded acoustically
in these signals. In addition to such proximate or how
questions, we can ask why signals assume this particu-
lar form, and not another (Tinbergen, 1963). Could we
just as easily have evolved to laugh in sadness and to
smile ferociously at our opponents? In this article I
argue that high-intensity nonverbal vocalizations of
humans, and presumably also of other animals, have

non-arbitrary acoustic properties that make themmaxi-
mally salient to the audience. In the rest of the text, I
develop this “salience code” hypothesis of emotion
expression, discuss the available evidence, and report
the results of three perceptual experiments designed
to test it.

Sensory biases

Researchers have long known that there are many
similarities between the vocal signals of distantly
related animal species. For example, in many
mammals and birds aggressive calls are low-pitched
and harsh, while friendly or appeasing calls are high-
pitched and tonal (Morton, 1977; Ohala, 1984).
Although not universal, this frequency code explains
a large variety of vocal behaviours (August &
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Anderson, 1987; Briefer, 2012) and has a plausible cog-
nitive mechanism, namely a reliably developing cross-
modal association between auditory frequency and
size (Hamilton-Fletcher et al., 2018; Spence, 2011).

Another dimension of affect (Russell, 1980), and a
very common way to characterise both animal
(Briefer, 2012; Filippi et al., 2017) and human (Lassalle
et al., 2019; Lima et al., 2013; Lingle et al., 2012; Schrö-
der et al., 2001) vocalizations, is the degree of physio-
logical activation (arousal) or emotion intensity that
they express. Acoustic changes associated with high
arousal include increased duration with shorter
pauses between syllables, high fundamental fre-
quency (pitch), more high-frequency energy in the
spectrum (bright timbre), variable pitch and sound
intensity, and low harmonicity (a harsh voice quality;
Briefer, 2012; Fitch et al., 2002; Lima et al., 2013;
Lingle et al., 2012; Schröder et al., 2001). Confirming
the predictable nature of high-arousal calls, partici-
pants recognise high emotion intensity not only in
foreign languages (Lassalle et al., 2019), but even in
calls of unfamiliar animal species (Filippi et al., 2017).

Many of the acoustic properties associated with
high-intensity calls are direct consequences of the
physiological changes triggered in the vocal appar-
atus by a powerful emotion. For example, activating
laryngeal muscles and elevating subglottal pressure
raises the pitch and makes the voice louder and
brighter due to boosted harmonics (Gobl & Ní Chas-
aide, 2010). As vocal effort increases further, the
vibration of vocal folds becomes irregular, causing
unpredictable pitch jumps and other nonlinear
phenomena that make the voice harsh (Fitch et al.,
2002). The exact mechanisms linking emotion with
vocal production are not yet sufficiently well under-
stood (Gobl & Ní Chasaide, 2010), but they probably
involve direct motor control of laryngeal and respirat-
ory musculature as well as slower effects mediated by
the autonomous nervous system and hormonal levels
(LeDoux, 2012; Scherer, 1986).

Pushing the question one step further, however,
what evolutionary pressures might have caused
intense emotional states to have these specific
effects on the voice? Because it is usually in the signal-
ler’s interest to make high-intensity calls easy for con-
specifics to detect and difficult to ignore, such calls
may be under selective pressure to optimally activate
the auditory system of receivers. This line of reasoning
is known in biology as the sensory bias or sensory
exploitation hypothesis (Ryan & Cummings, 2013). It
was initially applied to the relatively narrow problem

of sexual selection of male calls and visual ornaments
to match the sensitivity of female peripheral receptors.
The hypothesis remains controversial in this original
context (Fuller et al., 2005; Ron, 2008), but the logic
behind it is more general. Perception has evolved to
promote survival and reproduction, rather than to rep-
resent the external world accurately (Neuhoff, 2018),
and the resulting perceptual distortions or biases –
such as enhanced sensitivity to particular sensory fea-
tures – can be exploited by signallers.

Naturally, in the long run signal production and
perception must coevolve. In the case of vocalizations,
this is particularly manifest for specialised adaptations
such as echolocation that simultaneously place new
demands on both vocal production and auditory pro-
cessing. In general, the auditory system is tuned for
optimal discrimination of biologically relevant
sounds (Woolley et al., 2005), and adaptations such
as improved hearing in the most relevant frequency
ranges have been described in mammals at large
(Stebbins, 1980) as well as in individual species (Theu-
nissen & Elie, 2014). However, the key assumption
behind the sensory bias hypothesis is that production
often outpaces perception in terms of the speed and
flexibility of its evolution. For example, reptiles and
birds neither hear nor produce sounds above approxi-
mately 10 kHz because their middle ear is anatomi-
cally incapable of handling high frequencies; in
contrast, the independently evolved mammalian
middle ear is well-equipped to exploit this frequency
range, and many mammals have evolved ultrasonic
calls for communication or echolocation (Köppl,
2009; Stebbins, 1980).

Apart from evolvability constraints, the auditory
system must perceive and localise (Köppl, 2009) not
only vocalizations, but also environmental sounds,
which have very different acoustic properties (Singh
& Theunissen, 2003; Smith & Lewicki, 2006). This rela-
tive inertia of auditory perception is illustrated by
the fact that hominins rapidly evolved very specific
neurological adaptations for speech, while the audi-
tory system remained similar to that of other apes
(Fitch, 2018). In fact, human speech combines the
acoustic features of environmental sounds and vocali-
zations, possibly to match the preferred input to the
auditory system (Smith & Lewicki, 2006; Theunissen
& Elie, 2014).

In sum, with regard to meaningful acoustic vari-
ation within a species’ repertoire and on shorter
time scales, vocal production is more likely to adapt
to the auditory perception than the other way
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round. Accordingly, vocalizations associated with
intense emotional states may have been under evol-
utionary pressure to “tickle the brain” – that is, to invo-
luntarily attract and hold the attention of conspecifics.

Salience

The capacity of sensory stimuli for commanding atten-
tion in a bottom-up, involuntary fashion is known as
their salience and distinguished from the voluntary,
top-down component of attention. The last decade
has seen active development of experimental para-
digms and computer algorithms for the evaluation of
visual and, more recently, auditory salience. The most
general finding is that salient sounds tend to be
highly variable and unpredictable. Simply maintaining
high intensity or periodically varying the sound is not
enough to make it salient: even loud bursts become
less surprising after a few repetitions (Huang & Elhilali,
2017; Kaya & Elhilali, 2017). In contrast, attention is
drawn to unpredictable acoustic changes: a tone pre-
sented against a noisy background (Kayser et al.,
2005), a random tone sequence (Southwell et al.,
2017), a sudden change in overall amplitude (Kim
et al., 2014) or in a particular frequency range (Kaya &
Elhilali, 2014; Kayser et al., 2005), rapid amplitude
modulation or “roughness” (Zhao et al., 2018), etc.
There is also evidence that acoustic changes in a par-
ticular direction are experienced as more salient. For
example, looming stimuli with increasing intensity are
more salient than receding ones, perhaps as a
defense mechanism for rapid detection of approaching
hazards (Neuhoff, 2018; Tajadura-Jiménez et al., 2010).
More generally, salient acoustic events are associated
with sudden increases – rather than decreases – in
loudness, pitch, spectral centroid (timbral brightness),
harmonicity, and spectral bandwidth (Huang & Elhilali,
2017). In addition, long sounds are generally more
salient than short ones (Kayser et al., 2005).

Although the research on auditory salience is still at
an early stage, these characteristics of salient acoustic
events appear to have many parallels with the most
common characteristics of high-intensity vocaliza-
tions. As described above, greater duration, loudness,
pitch, and a bright timbre are all associated with high
general activation or arousal in both speech and
animal vocalizations. High-intensity vocalizations also
tend to be more variable, particularly due to the preva-
lence of nonlinear vocal phenomena, which elicit a
stronger response from the audience (Reby & Charl-
ton, 2012) and prevent habituation (Karp et al.,

2014). In fact, crying babies and barking dogs are
self-reported to be harder to ignore than specially
designed sirens and fire alarms (Ball & Bruck, 2004),
and it has been suggested that the acoustics of dog
barks is functionally optimal for attracting the atten-
tion of humans (Jégh-Czinege et al., 2019). There is
thus indirect evidence that sounds produced in
highly aroused states possess many acoustic charac-
teristics associated with auditory salience. To the
best of my knowledge, this study is the first to test
this salience code hypothesis empirically.

The present study

The chosen emotional sounds were human nonverbal
vocalizations. Unlike speech, they are free from
semantic confounds and language-specific phonologi-
cal constraints. At the same time, nonverbal vocaliza-
tions express a wide range of emotions and related
states such as pain (Anikin & Persson, 2017; Lima
et al., 2013; Maurage et al., 2007). Moreover, similar
sounds are produced by modern-day apes (Davila-
Ross et al., 2009; Lingle et al., 2012), and at least
some were presumably present in our prelinguistic
hominin ancestors. To some extent, the results may
therefore generalise to both speech and vocalizations
of non-human mammals.

To avoid circularity, bottom-up salience of these
vocalizations had to be measured independently of
their emotional content. In contrast to vision research,
where eye tracking gives a ground-truth measure of
bottom-up salience (Kaya & Elhilali, 2017), there is no
generally accepted method for measuring the salience
of sounds. Various approaches have been explored:
annotation of soundscapes (Kim et al., 2014), detec-
tion of targets against noisy backgrounds (Kaya & Elhi-
lali, 2014; Kayser et al., 2005), distraction from a
working memory task (Vachon et al., 2017), pairwise
comparisons (Kayser et al., 2005), pupil dilation
(Huang & Elhilali, 2017), microsaccade inhibition
(Zhao et al., 2018), etc.

In this study two independent samples of partici-
pants provided two measures of salience: (1) self-
reported salience based on explicit pairwise compari-
sons and (2) objective salience operationalised as the
drop in performance in a short-term memory task.
These two salience measures were then compared
with the ratings of emotion intensity and the acous-
tic characteristics of experimental stimuli. The two
key predictions were (1) that there would be a
close match between perceived emotion intensity
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and auditory salience, and (2) that the acoustic
characteristics of salient nonverbal vocalizations
would be similar to the previously described predic-
tors of salience in mixed synthetic and environ-
mental sounds – that is, that the responsible
acoustic features are a property of human auditory
perception in general, rather than specific to
emotional vocalizations.

Methods

Stimuli

The experimental stimuli (N = 128) were human non-
verbal vocalizations of amusement, anger, disgust,
effort, fear, pain, pleasure, and sadness: 8 male + 8
female = 16 sounds in each category (Table 1). Of
these 128 sounds, 118 were selected from a corpus
of spontaneous, non-staged vocalizations obtained
from social media (Anikin & Persson, 2017), some of
which were shortened to keep the duration of all
stimuli under 3 s. The selected vocalizations were rela-
tively free from background noise, and although audio
quality was more variable than in studio recordings, a
machine learning algorithm classified these sounds
based on acoustic measurements with an accuracy
on a par with human raters in the validation study
(Anikin & Persson, 2017).

Spontaneous sounds of anger, fear, and sadness
consisted of high-intensity vocalizations such as
high-pitched screams. To maintain a variety of inten-
sity levels within each emotion, ten milder, intention-
ally produced vocalizations were added from another
corpus (Maurage et al., 2007). To control for the ten-
dency of high-pitched sounds to appear louder, the
subjective loudness was estimated in sone (assuming
sound pressure level of 70 dB above a reference value
of 2 × 10−5 Pa) within each 200-ms frame throughout
the duration of each sound. As a compromise

between normalising for peak and average loudness,
the stimuli were normalised for the 75% quantile of
per-frame loudness values. Loudness estimation and
normalisation, as well as the acoustic analysis of exper-
imental stimuli, were performed using the R package
soundgen (Anikin, 2019).

Acoustic analysis

Each sound was described with 22 acoustic par-
ameters (italicised below) chosen to facilitate compari-
sons with previous research (Arnal et al., 2015; Huang
& Elhilali, 2017):

(1) General descriptives: duration, RMS amplitude
(mean and SD across all frames), loudness in
sone (mean and SD across all frames).

(2) Intonation: to ensure optimal accuracy, all intona-
tion contours were extracted manually using
soundgen’s interactive pitch editor pitch_app and
summarised as mean pitch (on a musical scale)
and its standard deviation (in semitones). Harmo-
nics-to-noise ratio (HNR or harmonicity – a
measure of tonality, the ratio of energy in the har-
monic component and aperiodic noise) was esti-
mated in each frame as the peak of
autocorrelation function and summarised by its
mean and SD across frames.

(3) Auditory spectrum (Figure 1(A)): the input for this
analysis was a mel-transformed auditory spectro-
gram produced with melfcc function from tuneR
package (Ligges et al., 2018) with 20 ms
Hamming windows, a step of 5 ms, and 128 fre-
quency bins on the mel scale. Following Huang
and Elhilali (2017), the spectrum of each frame
was summarised by its centroid (centre of
gravity, a measure of timbral brightness), band-
width (weighted distance from the centroid),
flatness (a ratio of geometric and arithmetic

Table 1. Experimental stimuli.

Emotion

N (male/female)

Description

Acoustics: mean [range]

Spontan.* Acted** Duration, ms Pitch, Hz

Amusement 8/8 – Laughs 1780 [745, 2818] 465 [164, 902]
Anger 6/6 2/2 Roars, growls, screams, vowels 795 [419, 1737] 417 [141, 1170]
Disgust 8/8 – Grunts, groans 745 [443, 1535] 242 [112, 560]
Effort 8/8 – Grunts, growls, roars 943 [448, 1945] 361 [188, 647]
Fear 6/6 2/2 Screams, vowels 1207 [432, 2468] 902 [201, 1870]
Pain 8/8 – Screams, groans 1257 [474, 2678] 607 [259, 1580]
Pleasure 8/8 – Moans, groans, sighs 1201 [542, 2758] 290 [100, 614]
Sadness 7/7 1/1 Cries, vowels 1858 [698, 2707] 374 [137, 702]

*Anikin and Persson (2017).
**Maurage et al. (2007).
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means), and irregularity (average difference in
strength between adjacent frequency bins). Each
of these four measures was then averaged
across all frames (mean and SD).

(4) Modulation spectrum (Figure 1(B)): the result of a
two-dimensional Fourier transform of a spectro-
gram, modulation spectrum represents the
sound as a combination of amplitude and fre-
quency modulation (Singh & Theunissen, 2003).
It was extracted for an entire vocalisation, rather
than per frame, using the modulationSpectrum
function in soundgen. The result was summarised
by the centroid of amplitude modulation (2–
32 Hz) and frequency modulation (0–10 cycles/
kHz; see Huang & Elhilali, 2017) as well as by the
proportion of high-frequency amplitude modu-
lation in the “roughness” range of 30–150 Hz
(Arnal et al., 2015; Zhao et al., 2018).

(5) Self-similarity matrix (Figure 1(C)): this transform-
ation represents the internal structure of a sound
by comparing its parts to each other. The auditory
spectrogram was divided into 40-ms windows,
and cosine similarity was calculated for all
window combinations, resulting in a square self-
similarity matrix (SSM). Acoustic novelty was then
calculated by sliding a 200-ms Gaussian checker-
board matrix along SSM’s diagonal (Foote, 2000).
Peaks in the novelty contour correspond to
sudden changes in spectral structure on the time
scale determined by the length of the checker-
board filter. The novelty contour of each sound
was extracted using the ssm function in soundgen
and summarised by its mean and SD.

Procedure

Three experiments were performed to measure:

(1) Emotion intensity. Participants rated the intensity
of 128 sounds arranged into eight blocks, one
block for each emotion. For example, for the 16
laughs in the “amusement” block the question
was: “How intense is the amusement”? The order
of both blocks and sounds within each block
was randomised for each participant. The intensity
was rated on a continuous horizontal scale
ranging from mild to extreme. The sound could
be repeated as many times as needed, and there
was no time limit for responding.

(2) Self-reported salience. A new sample of partici-
pants were presented with two sounds and
asked: “Which sound is more attention-grabbing
and harder to ignore?” They could then select
one of the sounds or answer similar to indicate a
tie. These comparisons were performed among
all 128 sounds, rather than within one emotion
category. Emotion was not mentioned in the
instructions to avoid priming the subjects for
thinking in terms of emotion intensity or arousal.
The sounds could be replayed as many times as
needed, and there was no time limit for respond-
ing. The order of sound pairs was randomised for
each participant under the constraint that the
same stimulus should never appear in two con-
secutive pairs. Each participant rated 100 sound
pairs.

(3) Objective salience. A new sample of participants
had to memorise and repeat a spoken sequence
of six numbers presented through earphones in
one channel, while ignoring a distractor vocalisa-
tion in the other channel. The degree to which
different distractor vocalizations disrupted accu-
rate recall in this dichotic-listening short-term
memory task was regarded as an implicit
measure of their “objective” salience. A target

Figure 1. Three representations of the same laugh: mel-scaled auditory spectrogram (A), modulation spectrum (B), and self-similarity matrix (C).
SSM’s lower panel shows the novelty contour (dotted black line) over the input spectrogram.

1250 A. ANIKIN



sequence consisted of six non-repetitive single-
digit numbers, each spoken by a random compu-
ter-synthesized voice and played with unpredict-
able timing from a randomly chosen stereo
channel (left or right). About 10% of sequences
did not contain a distractor, and the rest con-
tained one vocalisation timed to coincide with
the onset of one of the six spoken digits. Each dis-
tractor vocalisation could overlap with one to four
targets, but never in the same channel (Figure 2).
To reduce the pop-out effect of any sound against
silence, both targets and distractors were
embedded in a background of steady street
noise at 13 dB below the level of targets and dis-
tractors. High accuracy (4.8 out of 6 digits on
average, all six correct in over half the trials)
proves that targets could be clearly heard over
both background and distractors. Fifty unique
sequences were generated with each distractor
vocalisation to cancel out possible effects of the
timing and channel, incidental qualities of target
sequences, and variations in the background
noise. Pilot pre-testing revealed that estimating
implicit salience required much more data com-
pared to emotion intensity and self-reported sal-
ience. Accordingly, only half of the 128
vocalizations were tested (8 out of 16 in each
emotion category, selected to preserve the full
range of emotion intensity). Each trial began
with the screen showing a fixation cross, while
the participant listened to the sequence of digits
followed by a five-second retention period. Five
seconds after the last target a number pad
appeared, and the participant had to enter

target digits in the original order. Digits flashed
green for correct responses and red for errors.
The average accuracy was updated after each
block and continuously displayed on the screen.

Participants

Separate samples of participants, fluent in English and
with no self-reported hearing problems, were recruited
for the three experiments (self-reported salience, objec-
tive salience, and emotion intensity) on the online plat-
form https://www.prolific.co/. No demographic
characteristics were collected; according to the stat-
istics on the website, about 75% of participants on
this platform are native English speakers, 57% are
female, and 72% are between 20 and 40 years of age.
To ensure the quality of collected data, clearly invalid
submissions were not considered or reimbursed (e.g.
very rapid identical responses to many consecutive
sounds). Additional verification steps were exper-
iment-specific, such as catch trials with a pair of identi-
cal sounds (see Appendix for details). Since there were
no expectations as to the effect size, power analysis was
not performed, and data collection continued until the
desired precision of a-posteriori estimates was achieved
(Kelley et al., 2003), namely the width of 95% credible
intervals of ± 5% for each sound for both emotion
intensity and self-reported salience. Unfortunately, it
proved unfeasible to achieve a comparable precision
level for objective salience, even after limiting this
analysis to 64 out of 128 vocalizations. The final
sample sizes after quality control were as follows:
emotion intensity N = 45 participants (5727 trials, 43–
45 trials per sound), self-reported salience N = 90

Figure 2. An example sequence with six target digits (715296) and a distractor (laugh) from the short-term memory experiment designed to
obtain an implicit measure of salience. Spectrograms of left and right stereo channels with 25 ms Gaussian windows and 50% overlap.
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(10146 trials, 128–200 trials per sound), objective sal-
ience N = 238 (11695 trials, 147–177 trials per sound).

Data analysis

All analyses were performed on unaggregated, trial-
level data using Bayesian multilevel models, which
are more flexible than the corresponding frequentist
models and provide a natural framework for combin-
ing the results of multiple experiments. In Bayesian
modelling, the output of the analysis is a posterior dis-
tribution of credible parameter values given the data,
model structure, and prior assumptions (McElreath,
2018). These posterior distributions were summarised
by their medians and 95% credible intervals, reported
in the text as 95% CIs. Linear models were fit using the
R package brms (Bürkner, 2017) with default conserva-
tive priors. To estimate salience scores for each sound
based on pairwise comparisons in Experiment 2 (“self-
reported salience”), a custom model was written
directly in Stan (https://mc-stan.org/). The outcome
distributions were as follows: beta for intensity
scores, ordered logistic for pairwise comparisons,
and zero-inflated binomial for recall errors, with
appropriate random effects. Please see the Appendix
for more details on data analysis. All materials for
running the experiments (HTML, audio stimuli, etc.),
datasets of responses, and scripts for statistical analy-
sis can be downloaded from http://cogsci.se/
publications.html.

Results

Salience scores extracted from pairwise comparisons
of 128 vocalizations were excellent predictors of
emotion intensity scores produced by a different
sample of participants (R2 = .65 assuming a linear
relationship), particularly within each emotion cat-
egory (R2 = .81 after adding an interaction with
emotion). The likely reason is that different emotions
are expressed with distinct acoustic call types, whose
auditory salience can be generally high (e.g.
screams) or low (e.g. grunts or laughs). Thus, the
most intense laughs had a salience score of only
∼50%, far below the top salience of screams of fear
or pain. At the same time, salience scores almost per-
fectly explained the perceived intensity of both amu-
sement and fear considered separately (Figure 3).

The average number of recall errors in the short-
term memory task was about 22% higher with vs.
without a distractor vocalisation: odds ratio (OR) =

1.22, 95% CI [1.14, 1.31]. The effect of different distrac-
tors varied greatly: 23 out of 64 vocalizations seemed
to have little or no effect on recall accuracy (95% CI of
the OR overlapped with one), while the remaining 41
vocalizations increased the odds of recall errors by up
to 70% (Figure 4). None of the analysed individual
acoustic characteristics were significant predictors of
recall errors, probably because of the relatively noisy
nature of data from the memory task. However, both
self-reported salience and intensity ratings were posi-
tive predictors of recall errors. The odds of a recall
error were ∼25% higher for sounds with the highest
vs. lowest salience score: OR = 1.25, 95% CI [1.08,
1.45]. Crucially, the positive effect of self-reported sal-
ience on recall errors remained essentially unchanged
after controlling for the duration of distractor vocalisa-
tion (OR = 1.27 [1.06, 1.53]), while duration had no
detectable independent effect on recall errors (OR =
0.98 [0.85, 1.13]). In other words, the elevated pro-
portion of recall errors was not simply a matter of
longer vocalizations obscuring more targets, but a
result of greater distraction caused by salient
vocalizations.

Likewise, vocalizations that were rated higher on
emotion intensity were responsible for ∼16% more
recall errors: OR = 1.16 [1.02, 1.32] for maximum vs.
minimum intensity. However, multiple regression
suggests that perceived emotion intensity had no
independent effect on recall errors (OR = 0.99 [0.77,
1.25]) after controlling for self-reported salience (OR
= 1.26 [0.96, 1.70]). In other words, participants were
easily distracted by vocalizations suggestive of high
emotion intensity, but this effect was mediated by
the auditory salience of these sounds.

To see how well relative salience judgments could
be predicted from low-level acoustic characteristics,
the choice between two sounds in each trial was mod-
elled as a function of their difference on 22 acoustic
characteristics. A multilevel ordered logistic regression
model correctly predicted ∼66% of participants’
responses in a three-choice task (chance level = 33%)
and identified the acoustic characteristics that made
a vocalisation highly salient: greater RMS amplitude
and duration, higher pitch and spectral centroid
(brightness), more variable bandwidth, more high-fre-
quency modulation (roughness, amplitude and fre-
quency modulation), higher novelty derived from
the self-similarity matrix, and a few weaker predictors
such as low spectral flatness and more variable harmo-
nicity (Figure 5, left panel). Likewise, intensity scores
were predicted from the acoustic characteristics of
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Figure 3. Perceived intensity of emotion and self-reported salience of experimental stimuli. Light-gray ellipses mark the position of individual
sounds (labelled 1 through 128) with two-dimensional 95% CIs. Solid lines show the relation between intensity and salience within each emotion
class predicted with multilevel beta-regression, with shaded 95% CIs.

Figure 4. Extra errors attributable to the presence of a distractor vocalisation as a function of its self-reported salience. Light-gray ellipses mark
the position of individual sounds (N = 64) with two-dimensional 95% CIs. The solid regression line shows the best fit with shaded 95% CI. The
dotted line marks OR = 1 (as many errors as without any distractors). am = amusement, an = anger, ds = disgust, ef = effort, fr = fear, pn = pain,
pl = pleasure, sd = sadness.
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each sound scaled relative to other sounds expressing
the same emotion (Figure 5, right panel). Since the
stimuli were normalised for subjective loudness, its
average level did not vary much, but the lack of
effect of the variability in loudness is surprising, and
so is the weak effect of pitch variability. Otherwise,
these findings are in line with theoretical predictions:
emotional vocalizations attract more attention if they
produce a greater excitation in the auditory system
due to the intensity and unpredictability of sensory
stimulation.

Discussion

In line with the salience code hypothesis, high-inten-
sity nonverbal vocalizations displayed acoustic charac-
teristics previously reported to be associated with high
bottom-up auditory salience. These acoustic proper-
ties made emotionally intense vocalizations more
effective at involuntarily attracting the listeners’ atten-
tion based on both self-reported distraction and an

objectively measured drop in accuracy on a short-
term memory task. In fact, the relationship between
self-rated salience and emotion intensity ratings was
so tight as to raise the suspicion that participants inter-
preted the two questions as synonymous, or that
emotion intensity mediated both salience ratings
and recall errors.

Several pieces of evidence argue against this
interpretation. Multiple regression analysis suggests
that salience ratings mediated the effect of
emotion intensity on recall errors in a short-term
memory task, not the other way round. Furthermore,
the predictors of self-reported salience in emotional
vocalizations were in line with psychoacoustic
research on auditory salience, which is conducted
using mixed vocal and environmental sounds,
rather than emotional stimuli (Huang & Elhilali,
2017; Kayser et al., 2005; Zhao et al., 2018). In
other words, high-intensity emotional vocalizations
competed with goal-directed attention and were
rated as highly distracting mostly because of their

Figure 5. Acoustic predictors of self-reported salience (left panel; odds scale, i.e. no effect = 1) and emotion intensity (right panel; linear scale, i.e.
no effect = 0). Beta-coefficients from multiple regression showing the effect of a 1 SD difference in each acoustic characteristic, with 95% CI.
Mirroring the design of the two experiments, acoustic predictors were normalised across all sounds for salience and within emotion category
for intensity; the magnitude of effects is directly comparable within each panel.
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low-level acoustic characteristics, and not because
listeners interpreted them as conveying a strong
emotion.

It is also noteworthy that the correlation between
salience and intensity ratings (which were provided
by independent samples of participants) was consider-
ably higher within each emotion category than across
all 128 sounds. Each emotion was expressed with one
or several, partly distinct types of sounds (laughs of
amusement, moans and sighs of pleasure, etc.; see
Table 1). These call types differ in their eliciting
context and overall salience in addition to displaying
meaningful within-call variation (Briefer, 2012; Fischer
et al., 2017). For example, grunts and groans of
disgust convey a wide range of intensity levels,
although even the most intense ones are acoustically
less salient than screams of relatively mild pain or fear
(Figure 3). At the same time, grunts with higher
bottom-up salience express stronger disgust, and like-
wise, more salient screams are associated with more
intense fear. The salience code reported here thus
informs relatively subtle within-call acoustic variation,
and not only qualitative differences between generally
high-arousal (screams, roars) and low-arousal (sighs,
moans) call types.

Vocalizations with high bottom-up salience pos-
sessed three acoustic characteristics. First, they were
longer and louder, presumably causing more exci-
tation in afferent sensory pathways. Second, salient
sounds were highly variable and unpredictable, as
reflected in such acoustic measures as amplitude
and frequency modulation, roughness, variability in
spectral bandwidth and harmonicity, and novelty
extracted from self-similarity matrices. From a predic-
tive coding perspective, unpredictability in sensory
input causes a mismatch with top-down expectations,
attracting attention and making it difficult to ignore
the elusive stimulus (Kaya & Elhilali, 2014; Southwell
et al., 2017). Third, salient vocalizations tended to
have relatively high pitch and a bright timbre, as
also reported by Huang and Elhilali (2017). The mech-
anisms responsible for this effect are less clear. High-
frequency sounds appear to be louder than low-fre-
quency sounds of the same amplitude, but subjective
loudness was controlled in this study, and the effect of
pitch on salience was too large to be attributable to
any remaining variations in loudness. Possibly, high-
pitched vocalizations with strong harmonics were
interpreted as evidence of high vocal effort (Gobl &
Ní Chasaide, 2010), capturing attention in a top-
down manner. Likewise, certain sounds, such as

sexual moans #101 and 110 (Figure 4), caused unex-
pectedly large drops in task performance, again
suggesting a possible role of top-down attention.

This ambiguity highlights the difficulty of isolating
purely bottom-up attentional mechanisms or measur-
ing salience as a property fully encapsulated from top-
down control (Huang & Elhilali, 2017). In real-life
encounters, listeners take into account the speaker’s
identity, sex, age, facial expression, and other available
contextual information, which may considerably affect
the allocation of attention predicted by a purely
bottom-up model. But even in a controlled exper-
iment, it is challenging to separate bottom-up from
top-down influences.

Another limitation of the present study is that it
relied on the perceived emotion intensity rather than
the actual (unknown) affective state of the speaker. As
a result, while the current results demonstrate a close
correlation between how emotionally intense and
how distracting a vocalisation is perceived to be, it
remains an assumption that this perceived intensity is
an accurate reflection of the speaker’s arousal level. Lis-
teners are good at identifying the emotion portrayed
with nonverbal vocalizations (Lima et al., 2013;
Maurage et al., 2007) as well as the production
context of unstaged, naturalistic vocalizations of the
kind used in this study (Anikin & Persson, 2017). Even
so, in future studies it would be important to map
neurological and somatic markers of the intensity of
particular emotions or overall arousal, such as
changes in skin conductance, onto the accompanying
changes in vocal production instead of relying on sub-
jective ratings of listeners. Another productive avenue
for follow-up research would be to systematically
manipulate salience-relevant acoustic characteristics of
emotional speech or vocalizations. As our understand-
ing of bottom-up auditory salience keeps improving,
very specific hypotheses can be formulated and
tested to either support or falsify the claim that more
salient vocalizations convey – or are perceived to
convey – more intense emotions. If the salience code
is confirmed and shown to be generalisable beyond
human nonverbal vocalizations, it can provide a power-
ful framework for guiding research on acoustic com-
munication and integrating it with the neuroscience
of auditory perception.

Returning to the ultimate question of evolutionary
causation, I would argue that the salience code of
emotion expression described here is best seen as
an example of sensory exploitation. The initial selec-
tive pressures would presumably have affected the

COGNITION AND EMOTION 1255



vocalizations emitted in high-stake, survival-relevant
contexts: infant separation cries (Lingle et al., 2012),
anti-predator alarm calls of varying urgency (Manser,
2001), aggressive and mating calls (Reby & Charlton,
2012), etc. Natural selection would have favoured
changes in the physiological links between arousal
and voice production that made high-intensity vocali-
zations of this kind easier for conspecifics to notice
and harder to ignore. Once established, these physio-
logical links would then automatically generalise to all
vocal behaviours, explaining why even close-range
vocalizations, such as grunts of disgust and moans
of pleasure, obey the same salience code.

Other explanations are also possible. If vocal pro-
duction and auditory perception have been co-evol-
ving closely (Ron, 2008), the match between
emotion intensity and bottom-up salience could be
the result of the auditory system being exquisitely
tuned to the acoustic properties of high-intensity
calls, either innately or as a result of developmental
plasticity and increasing sensitivity to the typical or
most relevant sensory input (Bao, 2015; Woolley
et al., 2005). The properties of high-intensity vocaliza-
tions, in turn, may be shaped by factors unrelated to
salience, such as the need for the caller to demon-
strate his fitness and stamina by producing long,
loud, and high-pitched vocalizations (Fischer et al.,
2004). For instance, Ma and Thompson (2015) hypoth-
esised that acoustic correlates of emotion (such as
intensity, production rate, and spectral characteristics)
have evolved to be affected by emotion because they
reveal important biological information about the
speaker, such as their size, proximity, and speed.

Whatever the exact evolutionary story, efficient
communication requires some coordination between
the form of signals and sensory biases. The close
correspondence between the effects of strong
emotion on the voice and the sensitivity of the auditory
system demonstrated in this study is an example of this
communicative principle, and possibly also a general
explanation for some non-arbitrary properties of
human and animal high-arousal vocalizations.
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Appendix: Supplemental Methods

Experiment 1: emotion intensity

Participants
Four out of 50 participants were excluded for obvious cheating
(very rapid identical responses to many consecutive sounds),
and another was excluded based on very low (r < .05) correlation

of the provided scores with the median scores of all other partici-
pants, suggesting random responses. The remaining sample size
was thus 45 – that is, each sound was rated 45 times. This sample
size ensured that the average width of 95% CIs on emotion inten-
sity estimates per sound was approximately ± 5%.

Data analysis
Intensity ratings were modelled as beta-distributed, with random
intercepts per sound and per participant. Modelling the differ-
ences between sounds as a random effect made the model
more sparse compared to estimating 128 independent coeffi-
cients, thereby decreasing the risk of overfitting. To analyse the
relationship between salience and emotion intensity, fitted
self-reported salience values from Experiment 2 were added as
a predictor, with a random slope per emotion. For plotting pur-
poses, uncertainty from both experiments was incorporated by
making repeated random draws from both posteriors, resulting
in two-dimensional credible intervals (Figure 3 in the main
text). Acoustic predictors of emotion intensity were determined
by normalising (z-transforming) acoustic characteristics of
sounds within each emotion category and using them as predic-
tors of trial-level intensity scores. Modelling was performed with
default conservative priors in the brms package, but models with
acoustic predictors imposed additional shrinkage on regression
coefficients with a horseshoe prior to control for multiple
comparisons.

Experiment 2: self-reported salience

Participants
Participants were recruited until the precision of salience esti-
mates was similar to that in Experiment 1 (95% CI ± 5% for
each sound); each participant rated 100 or 128 sound pairs.
Two verification steps were employed to ensure data quality.
First, there were three catch trials with a pair of identical
sounds, which were expected to be ranked as similar. Second,
the average salience was estimated based on all responses,
and the proportion of responses violating this average ranking
was calculated for each participant. On average, participants
made choices that contradicted the population consensus in
12% of trials; if this proportion exceeded 20% (cutoff chosen
based on an analysis of random response patterns), the partici-
pant was excluded from the analysis. Based on these two criteria,
12 out of 102 submissions were excluded, resulting in a final
sample size of 90 participants. In a sensitivity analysis, salience
estimates based on the full (N = 102) and high-quality (n = 90)
samples were almost perfectly correlated (r = .998), indicating
that the exclusion of 12 participants had only a negligible
effect on results.

Data analysis
It was assumed that the choice between two sounds reflected
the distance between them on a unidimensional salience scale:
participants would respond sound 1 if the difference in salience
between sounds 1 and 2 was large and positive, sound 2 if it
was large and negative, and similar (tie) if it was close to zero.
The threshold for calling a tie was assumed to vary across individ-
uals, and the latent salience variable was mapped onto
responses via ordered logistic regression. The corresponding
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Bayesian model was written in Stan (https://mc-stan.org/) and
accessed from R (https://cran.r-project.org/). The latent salience
variable is underspecified; to ensure convergence, the position
of the first sound was therefore fixed at zero, and the overall
scale was set by the normal prior on salience scores with an arbi-
trarily chosen standard deviation. To facilitate comparisons with
intensity scores in Experiment 1, the posterior distribution of sal-
ience estimates was normalised to range from 0% to 100%.

To check the consistency of responses, the dataset was
repeatedly split into two halves (45 participants each), salience
ratings were calculated using a simple heuristic (+1 to the
chosen sound and −1 to the other sound in each trial, ignoring
ties) in each half-dataset, and then the resulting salience scores
were correlated. Averaging over 1000 iterations, this correlation
was r = .95, 95% CI [.94, .96], suggesting that different groups of
participants largely agreed about which sounds were more and
which less salient. Acoustic predictors of salience were deter-
mined by modelling trial-level choices in pairwise comparisons
with ordered logistic regression based on the difference
between the two sounds on acoustic characteristics normalised
(z-transformed) across all 128 stimuli.

Experiment 3: objective salience

Participants
The required sample size was estimated in a pilot study with 24
vocalizations, aiming to achieve reasonable precision on the esti-
mates of effect size for each vocalisation (extra errors attributable

to its presence compared to no distractor). Another 40 vocaliza-
tions were then tested with a new sample of participants. Accu-
racy was high (36% to 100% per participant, 95% of submissions
over 50% correct), so all submissions with minimum 40 out of 50
trials were included.

Data analysis
The number of errors per sequence was modelled as a draw from
a zero-inflated binomial distribution with six trials (one for each
digit), with a random intercept per participant to account for
individual variability in general performance and another
random intercept per distractor, with 65 levels (64 for different
vocalizations and one for “none”). First, a model with no fixed
effects was constructed to evaluate the expected number of
errors for each vocalisation (including “none”). The objective sal-
ience of each vocalisation was operationalised as the ratio of the
odds of making an error with a particular distractor vocalisation
vs. without any distractors. This odds ratio (OR) was calculated for
each step in the MCMC chain and summarised as the median
and 95% coverage interval.

Second, a similar model was constructed only for those trials
that included a distractor vocalisation to test whether acoustic
characteristics of distractor vocalizations and their intensity
and salience ratings from Experiments 1 and 2 predicted the
number of errors. The ratings from Experiments 1 and 3 were
treated as point estimates with measurement errors, calculated
as the median and standard deviation, respectively, of their pos-
terior distributions for each vocalisation.
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